ABSTRACT: Using a multi-model ensemble of climate-change impacts over the Iberian Peninsula, we identified regions and cropping options for which the uncertainty levels of projected impacts on crop productivity were either high or low. The ensemble consisted of 10 members per combination of scenario, climate model, location and cropping option, and was used to quantify the uncertainty of impacts on crop yield. CERES wheat and maize simulation models were linked to the control run and 1 scenario provided by 10 regional climate models (RCMs): control and A2 future (2070-2100) climate. The contribution of RCMs, locations and cropping options to uncertainty on yield projections was analysed. Differences between the sign of the response and 30 yr time series of projections generated by each member of the ensemble were compared. The largest response to A2 scenarios also resulted in the smallest uncertainty, and vice versa. Low uncertainty was found for the sign of the yield response, which was mainly positive for spring and winter cropping options and negative for the summer option. Uncertainty was lower for A2 than for control projections. Uncertainty was largest in northern, coastal and mountain regions, and smallest for inland southern regions, and depended on seasonal cropping options. Minimum and maximum uncertainty were found for maize and irrigated spring wheat, respectively. Water availability was the determinant for interannual variability and its uncertainty. Choice of RCM contributed less to uncertainty than choice of location, and choice of cropping option contributed more to uncertainty than both of these factors. Interannual variability showed larger uncertainty than mean impact magnitude, and this uncertainty was larger than that of the sign of the yield response. Regions with high uncertainty could benefit from higher-resolution simulations. 
INTRODUCTION
Impacts of climate change on crop productivity can be projected by evaluating the outputs from crop simulation models when run with control climate and climate change scenarios from climate models (Easterling et al. 2007 ). Crop models simulate daily interactions with climate, soils and management that determine growth, development and yield (productivity) of individual crops (Loomis & Connor 1996 , Tubiello & Ewert 2002 . Climate models, and in particular regional climate models (RCMs) nested in atmosphereocean coupled general circulation models (AOGCMs) of lower resolution, provide the necessary driving climatic variables of solar radiation, temperature, rainfall, pressure water vapour and wind run, at several geographic scales (Carbone et al. 2003 . RCMs provide climate data at high resolution (e.g. 50 × 50 km), that can account for topographic variability (Castro et al. 1995) , which is an important determinant of crop productivity in regions such as the Iberian Peninsula (Guereña et al. 2001) .
Simulations over a number of years with a single configuration of this modelling chain (AOGCM-RCM-Crop model) provide information on interannual variability of the projections. Evaluation of uncertain-ties can only be made when outcomes of various modelling configurations are compared, as for instance by Déqué et al. (2007) . The range of projections from the various modelling options provides data for evaluating and measuring uncertainty. The use of ensembles of projections is spreading from climate modelling to impact assessment because they provide many impact projections, as many as the number of 'ensemble members' i.e. [AOGCM-RCM-Crop model] modelling configurations. The number of ensemble members increases when impacts are simulated by different models or methods, or under different hypotheses. Quantification of uncertainty and the relative importance of its sources is a major step to improve interpretation of impacts and resultant decisions on adaptation strategies.
Uncertainty is incorporated along the entire modelling chain. Impact analyses obtained from the modelling chain (AOGCM-RCM-Crop/impact model) are dependent on the climate and crop model themselves and how they are combined for analysis. In that case, uncertainty has 3 main sources: (1) climate modelling, (2) crop modelling and (3) the connections between them. For (1), this includes the definition of future scenarios, downscaling methods applied ) and resolution of the climate projections themselves (Giorgi et al. 2001) . Within dynamic downscaling, high-resolution climate models (i.e. RCMs), aggregate uncertainty by sampling over the simulated period (Déqué et al. 2007) , by the boundary forcings and parameterisation, and finally by the number of models and criteria for building the ensemble. For (2), uncertainty is introduced by the crop models' approach and description of crop growth, development, etc., and in particular the simulation of processes such as the effects of [CO 2 ] on photosynthetic rates and water use, together with the combined effects of temperature rise on crop development and growth (Kimball et al. 2002 , Asseng et al. 2004 , Ainsworth & Long 2005 , Ainsworth et al. 2008 . Other sources of uncertainty are the number of crop models, the cropping options (crop type, growing season, management), the input data (soil and field data) and the up-scaling of results. For (3), uncertainty arises from how users connect the information flow from climate to impact models, for instance by selecting the 'delta of climate' or 'direct use' methods (examples in Mínguez et al. 2004 , Olesen et. al 2007 . The 'delta of climate' method applies monthly changes between simulated future and control climates to the observed climate for building an operative future scenario, assuming that the relationships between climate variables for the present climate remain unchanged in the future under climate change conditions. 'Direct use', which implies that both the control run and the future scenario are applied directly to impact models, does not assume this hypothesis. However, with this method it is advisable to use as output the relative change of the impact variable, i.e. 'delta of impact', instead of the absolute value of the control run or scenario projections, since the goodness of the control run of climate varies spatially and from one RCM to another. Another linkage technique to manage uncertainty is found in the construction of impact response surfaces, as has been applied to crop production (van Minnen et al. 2000) . These and other methods used to translate probabilistic methodology to impact assessment have been discussed by .
In practice, the construction of an ensemble including all methods mentioned above is currently not feasible. For this reason, to separate uncertainty into its constituent elements, 1 option is to analyse specific uncertainty sources with partial ensembles. In previous studies on the Iberian Peninsula (Table 1) , Mín-guez et al. (2007) and Olesen et al. (2007) analysed climate change impacts on crop production by combining crop simulation models with climate change projections from 10 RCMs generated in the EU project PRUDENCE. Olesen et al. (2007) compared results obtained for northern and southern Europe. While the main response in the north was expansion of suitable cropping areas, that of the south was small increases or decreases in the yield of some crops. The authors proposed that an increase in the yield of autumn-sown spring wheat in Spain could be used as an indicator of seasonal change. In another study, Mínguez et al. (2007) compared simulated yields of wheat and maize over 30 yr periods of control versus future (2070-2100) climates. They identified areas above 600 m above sea level (a.s.l.) in southern Europe as locations with the greatest probability of a positive effect for autumn-sown crops. On the other hand, studies using aggregated agricultural productivity reported a dominant decrease of yield for several crops in Spain (Iglesias et al. 2009 ).
Management also plays an important role in the determination of uncertainty. Mínguez et al. (2007) , for instance, showed how irrigation of autumn-sown wheat changed uncertainty levels generated by rainfall projections. However, in that work, uncertainty analysis was limited to standard deviation of means of 10 RCM-driven projections for each location. Time series were not compared, and decomposition and quantification of possible sources of uncertainty were not attempted.
Another example of a multi-model ensemble applied to agriculture is a study by Semenov & Stratonovitch (2010) . There, the AR4 multi-model ensemble of GCMs in combination with the weather generator LARS-WG (Semenov 2007 ) and the Sirius (Jamieson et al. 1998) crop model was used to assess the probability of heat stress during anthesis of wheat in several locations around Europe. Probability increased less for Mediterranean than for northern and central locations, probably because wheat reached anthesis earlier in the Mediterranean region than in more northern locations. Cai et al. (2009) also used the AR4 multi-model ensemble of GCMs to assess the impact of climate change on maize yield and soil water balance in Illinois (USA). They found an increased probability of yield reduction and soil water deficit during the maize growing season, and discussed the weighing of members within an ensemble as a method to avoid overestimation of uncertainty.
Here we used the multi-model ensemble generated in the European project PRUDENCE. We evaluated the uncertainty of climate change impacts on the productivity of summer (maize) and winter (wheat) crops under various regimes on the Iberia Peninsula using a single model for each crop. One objective was to measure uncertainty in projections of impact arising from interactions between the RCM output and process simulations within the crop model. We focused on factors from the impact assessment that aggregate or reveal uncertainty, i.e. crop-cultivar-management combinations, or 'cropping options', and location, and we analysed the influence of climate assessment factors as RCMs. This identifies cropping options that can be predicted with the least amount of uncertainty. A second objective was to identify areas and understand cases where projection quality needs improvement. For this purpose, 2 related aspects were important in this study: the decomposition and quantification of uncertainty. Table 1 summarises the analyses undertaken and the data used in the present work, and compares these to previous studies on the Iberian Peninsula. The construction of the ensemble and analyses are described below in detail.
METHODS

Multi-model ensemble of climate and impact projections
Climate scenarios were generated by 10 RCMs from PRUDENCE, run at a resolution of 50 × 50 km horizontal grid: HIRHAM, PROMES, RegCM, ARPEGE, CHRM, CLM, RCAO, REMO, RACMO and HadRM3H. Eight RCMs were nested in the HadAM3H while 2 RCMs, . Two periods were considered: control and future (2070-2100) climate or A2, which corresponds to 635-856 ppm CO 2 from 2070-2100 future greenhouse gas emissions (Nakicenovic & Swart 2000) . The climate data were used to build a multi-model ensemble of first-order impacts on Iberian Peninsula cropping systems. A complete description of the methodology used for these simulations and preliminary results can be found in Guereña et al. (2001) , Mínguez et al. (2004 Mínguez et al. ( , 2007 and Olesen et al. (2007) . Briefly, CERES wheat and maize models (Ritchie & Otter 1985 , Jones & Kiniry 1986 , within the DSSAT 3.5 frame, Tsuji et al. 1994) , previously calibrated for various Iberian locations (Mariscal 1993 , Rebollo 1993 , Iglesias & Mínguez 1995 , Quemada et al. 1997 , López-Cedrón et al. 2005 , were used to perform simulations for the control period and the A2 scenario using daily outputs from RCMs. Maximum and minimum temperature, solar radiation, precipitation, wind speed and relative humidity at surface level were formatted according to weather files of the crop models, thus applying the 'direct use' method. Outputs from the crop simulation were then used to calculate relative changes in yield, i.e. 'delta of impact'. Simulations were run for land suitable for agriculture today, including 12 locations chosen from representative agricultural regions that differ in growing conditions and cropping systems (Mínguez et al. 2007) . Two wheat cultivars differing in vernalisation requirement (i.e. low temperatures are needed to induce flowering) were included: winter wheat sown in mid-October and spring wheat in late November (with no vernalisation requirements), both under rainfed and irrigated conditions (Table 2) . Winter wheat was simulated only where the vernalisation requirements are currently fulfilled. Maize was only simulated with irrigation and was sown in late March, April and May in southern, central and northern regions, respectively (Table 2) . This choice of crops and sowing dates allowed comparison between winter and summer growing seasons. Adaptation was not investigated here, so sowing dates and cultivars were the same for control and future (A2) climate simulations.
In summary, by connecting 1 crop model to 10 RCMs, we worked with the 10-member ensemble for each cropping option-location scenario. Crop yield was used as an aggregated indicator for establishing ranges of uncertainty and detecting locations, and cropping options with maximum or minimum uncertainty associated with the projections.
Response to A2 climate scenario
A statistical test for comparison of mean crop yields of each 30 yr time series was applied using SPSS software, between the control run and the A2 scenario for each simulation combination for 12 locations chosen from representative agricultural regions that differ in growing conditions and cropping systems (Fig. 1) .
The comparisons comprised 960 simulation combinations that arose from the 10 RCMs, 2 scenarios, 6 to 12 locations and the following 5 major cropping options: rainfed or irrigated winter wheat, rainfed or irrigated spring wheat and irrigated summer maize. Winter wheat was only analysed for 6 locations in the north-central regions. Two locations, S-Valley 1 and S-Valley 2 (Córdoba), shared all input data except soil type, which differed in depth and texture. S-Valley 1 was a sandy Xerorthent 0.80 m deep, and S-Valley 2 was a clayey 1.5 m choromoxerert.
The results were clustered according to cropping option, location and RCM. The degree of discrimination between control and A2, measured by the percentage of significant differences between time series projections for both, was computed for each cluster. Table 2 . Crops, cultivar, area of cultivation, growing season, sowing dates, management (none of the options are N-limited) and specific features used for simulation of impacts. IP: Iberian Peninsula (suitable areas according to altitude and soil)
Uncertainty measurement and decomposition
Uncertainty of crop yield projections was analysed in 3 ways. First, the sign of the impact on crop yield (increase or no difference versus decrease in yield) was selected. Instead of specific locations, simulations were made for agricultural areas ( Fig. 1 ) that were identified according to soil characteristics. The coincidence among the ensemble members is presented as maps showing areas where projections of 0 to 10 RCMs produced the same sign of yield response. These maps identify areas of maximum and minimum uncertainty of cropping options (crop-cultivar-management combination), and provide spatial comparison of results. For interpretation of these results, we defined a projection of 'low uncertainty' when at least 9 members of the 10-member ensemble held the same sign of response of crop yield, 'medium uncertainty' when 7 or 8 members were in agreement, and 'high uncertainty' when only 5 or 6 members agreed. In these maps, low uncertainty is fulfilled by items 1, 2, 9 and 10 in the legend. Medium uncertainty includes items 3, 4, 7 and 8. High uncertainty implies that ca. half of the members projected 1 sign of response and the remainder the opposite, i.e. items 5 and 6.
The 30 yr time series of yield projections for the 12 representative locations were then statistically compared using SPSS software, in 2 analyses:
(1) Comparison of means: For each scenario-RCM-cropping option, 30 yr yield series were compared 2 by 2 with the other 9 members with the same combination. The Games-Howell test was selected since the hypothesis of variance homogeneity was not always fulfilled (Sheskin 2004 , Field 2005 . From these tests, the degree of coincidence among ensemble members was measured by the percentage of pairs showing a non-significant difference, at the 0.05 level of significance. A large degree of coincidence is associated with small uncertainty and vice versa. Locations and ensemble members showing the largest and smallest degree of coincidence were identified.
(2) Comparison of interannual variability: This was estimated for each time series from its coefficient of variation (CV). Means and ranges (CVmaxCVmin) were then calculated for the 10 members of each scenario-RCM-cropping option combination. Mean CV estimates averaged the interannual variability of each combination (a larger mean CV indicates greater interannual variability) and is not per se a measure of uncertainty; the range (CVmax-CVmin) reflects uncertainty generated in the estimation of interannual variability: a wider range indicates greater uncertainty.
RESULTS
The values of crop yield obtained for control runs and future scenarios were presented by Mínguez et al. (2004 Mínguez et al. ( , 2007 , where control runs were compared to ERA-15 [Gibson et al. 1999 ] driven simulations), although irrigation simulations were improved for the current work. The range of yields from control runs was ca. 9000 to 13 000 kg ha -1 for irrigated maize, 3000 to 6000 kg ha -1 for rainfed winter wheat, 4000 to 11 000 kg ha -1 for irrigated winter wheat, 2000 to 4000 kg ha -1 for rainfed spring wheat and 5000 to 10 000 kg ha -1 for irrigated spring wheat. All cropping options, locations and RCMs showed outliers, illustrating the need for using an ensemble of models. Therefore, the following analyses focus on the uncertainty of these impacts. 
Response to A2 climate scenarios
This section analyses climate scenarios as sources of uncertainty, and the main causal factor is the difference in climate change simulated by individual RCMs. The degree of discrimination between control and A2 yield projections is summarised in Table 3 and pre- sented by location and by RCM in Table 4 . Discrimination ranged from 0 to 100% for individual combinations of RCM-location-cropping option, with a mean value of 50%. A larger discrimination resulted in a larger response to A2 scenarios.
A full response (discrimination = 100%, 10 out of 10 RCMs with significant differences) was obtained for irrigated winter wheat in the north, and for maize in the southern plateau. No response (discrimination = 0%, 0 out of 10 RCMs) was found for rainfed winter wheat in the central and northern plateaus. There were no significant differences in yield projections between control and future climate in those areas and for this cropping option. Irrigated cropping options showed a larger response to A2 scenarios (either a significant increase or decrease in yield) except for irrigated spring wheat, with a range of discrimination among cropping options from 22 to 95% (Table 4) .
The sites showing the largest response were located in the north-east and centre, while locations showing the smallest response were in the south-east and south, with a range from 30 to 63% (Table 4 ). The response between RCMs varied in a similar range from 40% for the CHRM climate model to 63% for the PROMES climate model (Table 4) . RCMs driven by different AOGCMs than the other ensemble members showed a response to A2 in the range found for the other RCMs nested in the AOGCM HadAM3H.
Uncertainty in the sign of the crop yield response
This section analyses coincidence in the sign of the response (increase or decrease) of crop yield as an indicator of uncertainty resulting from the causal factor location-cropping option combination. Impact uncertainty was low for the summer cropping options represented by irrigated maize. The analysis projects a yield decrease with low uncertainty on ca. 80% of the simulated area (Fig. 2a) Table 4 . Response to A2 scenarios of yield projections measured by the degree of discrimination between the control run and the A2 future scenario. Discrimination was clustered by cropping option for every location and regional climate model (RCM) Fig. 2 . Coincidences among the 10 ensemble members on sign of impact on crop yield for (a) maize, (b) rainfed spring wheat, (c) irrigated spring wheat, (d) rainfed winter wheat and (e) irrigated winter wheat. Items at the extremes of the legend, i.e. red and green, are areas of low uncertainty, as all members agree in the impact sign projection. Red represents agreement in decreasing yield, while green indicates agreement in increasing yield. Blue and yellow correspond to areas where both negative and positive changes in crop yield are projected by some members, i.e. medium to high uncertainty areas mum uncertainty were found in the coastal regions and in northern areas close to mountains, e.g. in the Duero Valley. The outcome was more complex for autumnsown crops, i.e. grown during autumn, winter and spring. The sign of the impact on the yield of rainfed spring wheat was assessed with low uncertainty on ca. 90% of the simulated area (Fig. 2b) and with a projected yield increase. Areas of medium uncertainty were found in the north and north-west (Galicia).
Results differed for irrigated spring wheat for which medium to high uncertainty was found in ca. 80% of the simulated area (Fig. 2c) . Regions of low uncertainty were located in the west, with a projected yield increase in the south-west and a decrease in the remaining western regions. Considering the whole peninsula, less than one-third of the simulated area showed increases in yield, in contrast to results with rainfed spring wheat. Regions of maximum uncertainty were located in the north-east (Ebro Valley) and centre, where areas of increasing and decreasing yields were adjacent. Positive impacts dominated in coastal areas.
Responses of rainfed winter wheat differed from those of rainfed spring wheat. The sign of impact was assessed with medium to high uncertainty (Fig. 2d) . Projections of low uncertainty were obtained only for ca. 5% of the area. A projected yield increase dominated the north of the simulated area, while a yield decrease was projected in the centre.
A yield increase was projected for irrigated winter wheat across all simulated areas with low uncertainty on ca. 95% of the simulated area (Fig. 2e). 
Uncertainty in the time series of crop yield
This section analyses the coincidence of means and variability of time series of yield as an uncertainty indicator resulting from differences in climatic projections from the RCMs and the sensitivity of the crop models to them.
Comparison of means of time series
The degree of coincidence, measured as the coincidence among different RCMs in the mean yield, could be evaluated by clustering projections according to scenarios, location and cropping options, in order to obtain rankings of contribution to uncertainty.
All projections within each scenario (Tables 3 & 5):
The degree of coincidence in yield means was ca. 39%, ranging from 7% (rainfed spring wheat-control in the north-west) to 84% (maize-control in NE-Valley) considering all projections.
Location: When the degree of coincidence was decomposed by location and averaged over different cropping options, the range obtained was between 30% (NW-Coast and NE) and 50% (southern plateau; Table 5 ).
Scenario × Cropping option: When the degree of coincidence was averaged over different locations, for each scenario (Table 5) , the projections with minimum and maximum uncertainty were maize-control and irrigated spring wheat-control, respectively.
From these results, 3 regions were identified for minimum uncertainty: north-west (Galicia) for winter wheat; NE, NE-Valley, N-Plateau and Centre (Madrid) for maize, and areas of the southern plateau (CastillaLa Mancha) for spring wheat (rainfed and irrigated). Nine of 12 locations exhibited their minimum uncertainty for maize.
Two regions of the Iberian Peninsula were identified for maximum uncertainty. Northern regions, for maize and irrigated spring wheat, and the southern regions for irrigated spring wheat under both control and future climate scenarios. Ten of 12 locations showed their maximum uncertainty for irrigated spring wheat.
In summary, maize showed the smallest uncertainty for the northern plateau and the largest for the northwest (Galicia), winter wheat obtained the smallest uncertainty for the northwest (Galicia) and the largest for the north (Navarra) and centre (Madrid). Spring wheat presented the smallest uncertainty for the southern plateau and the largest for northern and coastal regions (NW-Coast and SE-Coast). Simulations for the south (S-Valley-1 and S-Valley-2, Córdoba) revealed that soil type had a minor effect on uncertainty under irrigated regimes, shown by the similar degree of coincidence among projections. For rainfed spring wheat, uncertainty in S-Valley-2 (with the deepest soil) was double that of S-Valley-1. Larger water storage capacity amplifies responses to annual rainfall variability and inter-model variations. The smaller uncertainty for S-Valley-1 reflected projections of crops experiencing water stress in a consistent way throughout the 30 yr simulations.
Comparison of interannual variability of time series
Considering all projections, interannual variability ranged between 4 and 120% (Table 6 , mean CV), while the associated uncertainty to this estimation varied from 7 to 227% (Tables 3 & 7 , CVmax-CVmin). Geographically, i.e. spatially, interannual variability and its uncertainty showed parallel results.
Regarding location, the largest values of both variability (Table 6 ) and uncertainty (Table 7) were found in the north for irrigated crops and in the south for rainfed crops. The opposite was found for the smallest values (both identified in Tables 6 & 7) .
Regarding the cropping option scenario, larger values of variability and uncertainty were found for rainfed than for irrigated crops. For irrigated crops, minimum variability and uncertainty were found for maize and maximum for irrigated winter wheat, as was also found for the sign of the response and the comparison of means. The irrigated spring wheat showed large uncertainty in areas (identified in Table 7 ) of small uncertainty for the other irrigated crops. No control run or A2 scenario showed a clear response for these indicators.
Summarising, minimum uncertainty was obtained for maize in the centre and south and by irrigated winter wheat in the centre and northern plateau, while maximum uncertainty was found for rainfed crops in the north and south and for irrigated spring wheat in the north. 
Response to A2 climate scenarios
Cropping options that showed the largest differences in response to the control run and the A2 scenario over all locations and RCMs also showed the smallest uncertainty. The reverse was also largely the case. Except for the north (Navarra), projections that showed the least response also showed the largest uncertainty.
The RCM PROMES produced the largest differences between the control run and the A2 impact scenario. Compared to the ensemble mean, PROMES and RegCM climate scenarios produced lower bias for winter temperatures in the Iberian Peninsula (Jacob et al. 2007 ) from data provided by the Climate Research Unit (CRU) of the University of East Anglia (Hulme et al. 1995) together with ARPEGE for summer temperatures (Jacob et al. 2007 ). These RCMs were also among those showing the least bias for summer precipitation (Jacob et al. 2007 ). This comparison illustrates how impact analysis enhances differences among RCMs and therefore uncertainty in their projections and impacts. Multi-model ensembles focus on the uncertainty resulting from structural differences in the climate models, their initial conditions and parameterisations (Semenov & Stratonovitch 2010) . According to the ranges obtained when clustering the results, the primary factor influencing responses to A2 and uncertainty is cropping option, followed by location and finally the RCM.
Uncertainty in the sign of the crop yield response
Two main components of crop response to A2 have previously been identified for the Iberian Peninsula and Mediterranean regions: (1) shortening of the crop duration due to temperature increase (Guereña et al. 2001 , Peñuelas et al. 2002 ; and (2) increased duration of the water deficit during late spring-early summer to late summer-early autumn (Beniston et al. 2007 ). These responses were confirmed with low uncertainty in the cropping options analysed here (results not shown), and are in agreement with the uncertainty assigned by Iglesias et al. (2009) . These components differently affected the sign of the yield response that was projected with low uncertainty in 3 out of 5 cropping options. This can be explained as follows.
All crops were affected by shortening of the crop cycle. For summer crops, represented here by irrigated maize, shortening resulted in a general yield decrease that was projected with low uncertainty. This agrees with climate uncertainty analyses which have shown that temperature and precipitation projected by the PRUDENCE ensemble presented a lower bias in summer than in winter with respect to the CRU database (Jacob et al. 2007) .
Winter cropping options, represented here by winter and spring wheat, differed in their response and uncertainty. The difference arose not only from vernalisation requirements, but also to the early sowing dates chosen for winter wheat simulations, as is cur- The effect of extended duration of the current water deficit period could be analysed through rainfed crops (winter and spring wheat), which are also influenced by shortening of the crop cycle. Water stress determined the winter wheat response under rainfed conditions. The dominant sign of projections was positive with medium uncertainty, as the increase in water use efficiency (WUE) related to [CO2] (Gifford 1979 , Sionit et al. 1981 , Tubiello & Rosenzweig 1995 , Easterling et al. 2007 ) could have been enhanced by the increase in minimum temperatures. Yield decreases would dominate at the centre of the Iberian Peninsula, and a gradient of increasing uncertainty was found from northnorth-west to south-south-east, similar to the current gradient in precipitation (Font Tullot 2000 , Ninyerola et al. 2007 ). This was probably due to the extension of the water deficit period until early autumn expanding southwards.
Spring wheat is currently sown in November to December following the autumn rains, after the water deficit period. Simulations showed how rainfed spring wheat benefited from higher winter temperatures and [CO 2 ], such that the small variation of winter precipitation projected by the PRUDENCE ensemble (Déqué et al. 2007 ) maintained or increase yield with very low uncertainty. In the north-west (Galicia), with an Atlantic climate, differences in current seasonal mean temperatures are ca. half of those found in central Spain, and precipitation is twice that received elsewhere. Improvement in crop WUE under the future climate is not as significant as illustrated by the similarity of uncertainty in results for both rainfed and irrigated spring wheat for the north-west, pointing to a weak water stress in rainfed spring wheat.
Uncertainty in the time series of crop yield
The magnitude of change was subject to much larger uncertainty than the sign of the response, since coincidence in the time series for all locations and crops showed uncertainty close to or below 50%. Inland regions exhibited lower uncertainty than coastal regions. Two locations situated in flat terrain of the southern plateau comprised the region of minimum uncertainty, followed by the rest of the locations in both plateaus. The northern and coastal regions, and locations close to mountains such as the NE (Navarra), were generally identified as maximum uncertainty areas. Jacob et al. (2007) showed that biases of projections with respect to CRU for the Iberian Peninsula climate decreased with the RCMs' resolution. Our results show the need for even higher-resolution simulations to deal with areas with a high altitude gradient or oceanic influence.
Smaller uncertainty in the decrease projected for maize yields compared to the other cropping options in the centre and south is attributed not only to impact on the sign of the response but also to the magnitude of change. Irrigated spring wheat showed the largest uncertainty; the other cropping options presented an intermediate range of uncertainty that differed locally. Irrigation was not able to reduce uncertainty in spring wheat when comparing simulations run with the same soil type, as was also found for the sign of the response. Soil type, and more specifically, soil water storage capacity, had a strong influence on uncertainty under the rainfed regime. In general, the uncertainty linked to the A2 scenario was smaller than that for the control run. This may be due to the dominant effect of increased temperatures over other climate processes, since temperature projections in general have smaller uncertainty than other climate variables such as precipitation (Randall et al. 2007 ), which exhibits both high natural and model internal variability (Gaertner et al. 2001) .
Larger interannual variability of the 30 yr time series was associated with greater uncertainty generated by the RCMs linked to its estimation. Both were much larger than the values found in previous studies based on means instead of time series (Guereña et al. 2001 , Mínguez et al. 2007 ). The range of the uncertainty of interannual variability was wider than the uncertainty of means. The uncertainty level was similar for both the control run and the A2 scenario, and water availability was the main factor that determined it. Irrigation also highlighted the different north-south re-sponse. This points to the main role of precipitation in the uncertainty of interannual variability.
Consequences of uncertainty evaluation
Uncertainty levels characterise the relative impact of the projections obtained in this work and that of Mínguez et al. (2004 Mínguez et al. ( , 2007 and establish their validity and utility. Adaptation strategies can be designed for projections of low uncertainty because the problem is clearly identified for negative impacts as is the advantage in situations where crops can gain from future conditions (for positive impacts). Projections of high uncertainty, by contrast, highlight situations where further research is needed to reduce uncertainty before adaptations can be designed. Uncertainty can be reduced by improvement of both climate and impact models (Semenov & Stratonovitch 2010) . These results also question general studies using aggregated crop yield (Iglesias et al. 2009 ) that predicted reduced yield reduction for Southern Europe.
The ranking of uncertainty shown by Déqué et al. (2007) presented the driving AOGCM as the first factor explaining variance, with some regional variations, followed by the SRES-IPCC scenario and RCM. They showed that in the case of the Iberian Peninsula, the variation introduced by the driving model in precipitation was similar to that generated by the RCM. Also, Cai et al. (2009) pointed out the emission scenario as a main uncertainty source, and when uncertainties are considered together, the different sources can be offset, which would explain part of our results with low uncertainty. The uncertainty introduced by the scenario was not addressed in the present study, and the driving AOGCM was only partially tested by including 2 projections with different drivers. None of them showed further consistent differences with regard to the rest of the ensemble members, and there is therefore a need for a specific experiment focused on this uncertainty source in the peninsula. The ENSEMBLES European project is providing the data needed to perform such an experiment. The ranges of uncertainty obtained when clustering results allowed for extending the ranking by Déqué et al. (2007) to impact assessment. Thus, the factors in decreasing order of contribution to uncertainty were cropping option, location and finally RCM. The indicators in decreasing order of uncertainty were the interannual variability of the impact, mean of impact magnitude and sign of response. Therefore, improvement of crop simulations and specifically simulation of variability should have a large influence in reducing uncertainty. Advances could be achieved by increasing the number of crop models and the site-specific calibrations. In addition, these results stress the importance of showing separate projections for different crops to evaluate agricultural impacts, to avoid simplification that masks possibilities for adaptation (such as the use of winter wheat for all Mediterranean areas, or aggregated forecasts of winter and summer crops together, e.g. the PESETA project).
CONCLUSIONS
In general, a larger response to the A2 scenario resulted in smaller uncertainty and vice versa. Climate and impact ensemble projections implied, with low uncertainty, the shortening of crop duration in A2 due to increases in temperature and length of the water deficit period. Nevertheless, these facts had different consequences depending on cropping options and locations. Overall, the uncertainty linked to A2 impact projections was smaller than that for control projections. Low uncertainty prevailed for the sign of the crop yield response. Yield increase or maintenance was dominant for spring and winter crops (wheat) and a yield decrease was projected for irrigated, summer crops (maize). The different responses point the way for designing adaptations.
Geographically, uncertainty was smaller for southern than for northern regions, smaller for plateau areas and valleys than for mountains, and smaller for inland than coastal areas. Water deficit and topography may have determined this result.
Maize and irrigated spring wheat showed the smallest and the largest uncertainty, respectively. Irrigated summer maize reflected the low uncertainty linked to summer climate projections. Irrigation reduced uncertainty only for winter wheat, while rainfed spring wheat always had smaller uncertainty due to the dominant effect of the water stress.
According to these results, a ranking was obtained in decreasing order of contribution to uncertainty, from cropping option, to location, and finally RCM. Uncertainty was largest for the interannual variability of the impact, followed by mean of impact magnitude and finally, sign of response of crop yield, in decreasing order.
Autumn-sown, rainfed and irrigated spring wheat is recommended as a cropping option for the evaluation of uncertainties in the AOGCM-RCM-cropping option modelling chain in the Iberian Peninsula. Improvements in spring wheat simulations would further diminish uncertainties. Regions with systematically high uncertainty could benefit from higher-resolution simulations along the modelling chain. 
